Withinfield variations in sugar beet yield and quality and their correlation with environmental variables in the East of England
may be influencing yield variation is required to implement more precise crop agronomy. Such maps usually need to be based on field sampling, which is expensive (Webster and Lark, 2012) . Moreover, the samples only quantify soil variables where samples are taken (Scannavino et al., 2011) although Kriging can be used to predict the values at unsampled locations provided adequate numbers of samples are available (Oliver, 2010) .
Previous research in sugar beet fields has mapped spatial variability of single factors including soil organic matter (Karaman et al., 2009a) , soil available nitrogen and phosphate (Franzen, 2004 , Karaman et al., 2009b , soil moisture content (Zhang et al., 2007 (Zhang et al., , 2011 and Heterodera schachtii, the beet cyst nematode (Reynolds, 2010 , Hbirkou et al., 2011 . Associations of this spatial variability with sugar beet growth, yield and quality were not, however, reported. Since within-field variation is likely to be influenced by combined effects of pedo-climatic and biotic factors, it could be misleading to focus on single factors. This paper therefore investigates field scale correlations of sugar beet yield and quality with variation in a range of factors both separately and in combination.
Variation in plant population, especially where a result of poor crop establishment, is likely to affect the ability to detect post-emergence correlations with pedo-climatic variables. Sugar beet yields follow typical asymptotic yield-density relationships (Holliday, 1960, Jaggard and . In eleven experiments carried out on a range of soil types in England over three growing seasons, yields were maximised in eight of the experiments with 100000 sugar beet plants per hectare, the economic optimum after allowing for seed costs, being 80000 per hectare . These optima, although not the actual yields, were the same in different soil types and locations.
Other biotic constraints also influence the ability to discern impacts of environmental variables, not least of which is weeds. Sugar beet is highly susceptible to weed competition especially in early stages of growth until canopy closure (Kropff et al., 1992) . Reflecting this vulnerability to weeds, when this research commenced in 2012, UK sugar beet crops were receiving an average of 4.1 herbicide treatments and sugar beet was treated with more herbicide (3.2 kg active ingredients per hectare) than any other arable crop in the UK (Garthwaite et al., 2013) . In the fields where this research was carried out, weeds were managed uniformly and received above average treatments, but nevertheless still contained significant weed infestations in patches. This paper mainly explores associations of both root yield and economic value with pedo-climatic variables within individual fields after accounting for any impacts of crop and weed plant population densities. The long-term goal is to identify opportunities for more precise sugar beet management in relation to pedo-climatic variables.
Materials and methods.
Three commercial sugar beet fields were selected in the east of England (Table 1) . These fields were White Patch at Broom's Barn Research Station, near Bury St. Edmunds (32 km east of Cambridge), and T32 and WO3, near Cambridge (Table 1) . Fields were purposively selected on the basis of their having considerable variation in soil type (based on pre-existing soil maps) and topography (elevation and aspect -based on visiting the fields). The farm managers were wholly responsible for managing the crops and applied all inputs (Table 1) uniformly across the sampled areas of each field. White Patch and T32 were studied in 2012, and WO3 in 2013. To facilitate geostatistical analysis (Webster and Oliver, 2007) , there were 90-114 samples per field arranged in an irregular grid with some nested samples over shorter distances (Table 1, Figure 1 ). Yield maps of the preceding crops in T32 and WO3 and a soil map in White Patch were available and guided sampling, especially for locating the nested samples, which were included to enhance the accuracy of the predicted maps (Pereira et al., 2013) .
Sample locations were geo-referenced using a differential Global Positioning System (dGPS), Trimble Nomad 900B Mobile Computer in White Patch and T32, while an RTK GPS, Topcon Model GRS-1 (Topcon Positioning Systems, Inc., 7400 National Drive, Livermore, CA 94550 USA) provided more accurate geo-referencing in WO3. The latitude, longitude and altitude data provided by the GPS were used to estimate the slope and aspect of each sample location using ArcGIS software edition 10 (ESRI, Redlands, CA, USA). Except where noted otherwise, crop and soil sampling took place in 2x2 m plots at each sampling location. These plots comprised four rows of sugar beet with 50 cm spacing between rows.
Figure 1: Kriged elevation maps and the distribution of the sampling points in the fields, White Patch (A), T32 (B) and WO3 (C). Elevations (heights above mean sea level) were obtained from the GPS instruments. Some areas in White Patch were unavailable for sampling.
Measurements.

Crop assessments
To improve accuracy, the sugar beet plant population density at each sampling location was assessed by counting plants in 8 m 2 (4 rows x 4 m) extending the two-metre plot length used for most measurements by 2 m, taking care to avoid tractor wheelings. Counts were multiplied by 1250 to express the densities on a per hectare basis.
The plots were harvested manually (Table 1) shortly before commercial harvest. The two central rows from each plot (2 m 2 ) were harvested in White Patch and T32 fields. In WO3 the harvested area for some plots had to be increased to include the whole plot (4 m 2 ) or extended to 8 m 2 to achieve the 10-15 kg samples required for analysis. The roots were dug with a modified (two-pronged) fork to avoid damage and the leaves were separated from the roots by cutting just below the crown using knives designed for hand topping sugar beet. The roots were then put in large woven polypropylene sacks (30 x 45cm), and sent within 16 h to the British Sugar factory at Wissington, 45 km NE of Cambridge, where they were analysed exactly as for commercial samples.
At the factory the roots were washed and weighed and the clean samples then went through the factory system to determine the sugar content based on polarimetry methods, while the flame photometry was used to measure impurities and the root content of amino acids and potassium in mg/100 gm of beet as specified by the International Commission for Uniform Methods of Sugar Analysis (Whalley and Siegfried, 1964) . The yield value was computed as follows:
where P was the British Sugar price per tonne of roots (£27.53 and £26.51 in the 2012 and 2013 seasons, respectively), and F is a quality adjustment to that price, which ranged between 0.72 and 1.32
for sugar percentages in the root between 13 and 20% (C. Walters, British Sugar, personal communication).
Weed assessments
Densities of weeds surviving or emerging after herbicide treatments were counted and identified in the whole plot area (4 m 2 ) (Table 1) .
Soil sampling and analysis.
Soil was sampled in each plot to a depth of 30 cm using a 5 cm diameter Dutch auger in early July (Table 1) . Three soil cores were taken diagonally across each 2x2 m plot, bulked, mixed thoroughly, air dried and then stored in polythene bags at 4 ºC prior to analysis. Percentages of clay and sand were estimated using the hydrometer method (Sheldrick and Wang, 1993) . Total soil organic matter was estimated by loss-on-ignition (Jones Jr, 1999) . Soil pH and EC and available potassium (K), phosphorus (P) and magnesium (Mg) were measured using Palintest Soil Test Model 10 (Palintest Ltd, Palintest House, Kingsway, Team Valley, UK) using Palintest soil extraction and reagent kits. The tests for P and Mg are based on colour comparison methods, while the K test is based on turbidity (cloudiness). Extraction solutions were 50 mL of 0.1 M magnesium acetate, 0.5 M sodium bicarbonate and 1.0 M potassium chloride for P, K and Mg, respectively, to which 2 mL soil was added (P and K) or 10 mL for Mg. Containers were shaken for one minute (P and K) or two minutes (Mg), filtered, and then 10, 2 or 1 mL of filtrate were placed in 10 mL photometer tubes, for K, P and Mg, respectively.
Volumes were made up to 10 mL with deionised water and specific Palintest reagent tablets for each element were added and left for 2, 10 and 5 min, respectively. The photometer was reset to zero by inserting a blank tube after which a sample tube was inserted and the result recorded. Eddy and
Johnston (2009) (Oliver and Webster, 2014) . Variograms were then computed using GenStat 17 th edition (Payne, 2009 ) based on Matheron's Method of Moments (Oliver and Webster 2014) as follows:
Where ℎ is the semi-variance for ℎ paired comparisons at lag distance h, and and ( +ℎ) are the values of the property at two locations separated by distance h.
The best fitting variogram model was then selected based on a combination of visual assessment and the lowest residual sum of squares (RSS). For mapping, interpolations were made using ordinary punctual kriging, based on the following equation:
Where Ž x0 is the estimated value of the property at the unsampled location (x 0 ) and λ i is the 
B-T32
Overall relationships between individual crop and environmental variables were assessed using Pearson correlation coefficients. Combined or confounded relationships were determined with Redundancy Analyses (RDA) using Canoco version 5 software (Šmilauer and Lepš 2014) . RDA is a form of Principal Components, multi-variate regression analysis in which sugar beet yield and quality were identified as response variables and weed and crop plant population densities and environmental factors were used as explanatory variables (Kenkel et al., 2009) . The method assumes that the sugar beet yield and quality are a linear multivariate function of the explanatory variables and results are visualised using ordination plots. Since spatial variability of soil moisture content varied similarly at different times, only the measurements from early June were used for the RDA.
Results.
The relatively high (≥10%) coefficients of variation (CV) for most variables gives evidence of significant spatial variability in the fields. The highest CVs (76 to 356%) were for soil available phosphate, magnesium and weeds (Table 2) . Conversely, sugar concentration, soil pH, canopy temperature and incident solar radiation were relatively uniform (CVs < 6%: Table 2 ).
Crop plant population densities were optimal in 2012 with mean values of 91065 and 95000 plants/ha in White Patch and T32, respectively (Table 2) . By contrast, establishment in WO3 in 2013 was much lower and more variable than the farmer's target of at least 80000 plants/ha, with a mean population density of only 50800 plants/ha, ranging from 22000 to 81000 plants/ha (Tables 1, 2 ).
The mean root yield and sugar percentage were generally higher in T32, which therefore resulted in a higher mean yield value of £2500 per ha (Table 2) compared to £1850 and £1870 in White Patch and WO3, respectively. The variability in final economic yield was however much higher in WO3 than in T32 with CVs of 32 and 11.3%, respectively (Table 2) . Nevertheless, these CVs perhaps mask their financial importance, since yield values ranged from £230 to £3127, £1120 to £2990 and £1870 to 3320 per ha (Table 2) August in all fields and in WO3 throughout the season led to more variable soil moisture (CVs: 14.6 to 27%), probably reflecting variability in soil type and water retention ( Table 2 ).
Incident solar radiation was higher and more variable in WO3 in 2013 compared to White Patch and T32 in 2012. Soil pH was high in all fields due to the chalk soils and was highest (8.4) in White Patch compared to T32 (7.5) and WO3 (7.8) ( Table 2 ). Soil phosphate was almost unavailable in WO3 at the time of sampling, being undetectable in over 90% of the plots with mean value of 0.55 mg/L (Table   2) .
Geostatistical analysis.
Most variables were approximately normally distributed with a low skewness (<1) ( Table 2) .
Exceptions were soil available phosphate and magnesium and weed density in all fields and soil available potassium in T32, which were each positively skewed. Acceptable skewness values (0.03 to 0.75) were achieved for the soil nutrients after logarithmic transformation ( Table 2 ).
The significant spatial variation occurring in most variables was bounded and accounted for by the sampling scheme in each field since most variograms reached a sill, becoming slightly flat over longer lag distances (Suppl. Figs S1-S3). The spatial variability in root yield and yield value was best accounted for by the circular model in all three fields and the exponential model best described the spatial variation in amino acid content of the beet (Suppl . Table S1 ). By contrast the spatial dependency and variability in sugar concentration was low such that the variogram appeared as pure nugget in T32 and WO3 (Suppl. Table S1 , Suppl. Figs S1-S3). Soil available potassium was also pure nugget in White Patch and WO3, which, in this case, can be attributed to large and apparently random changes in available potassium over short distances. In general, however, most of the observed The Kriged maps show low and high yielding zones in each field. In White Patch, the most productive areas with yield value above the average of £1850 per ha were in the west of the field and extended toward the north-east, while the less productive areas were mainly in the south-east and extended to the middle with a small patch on the north side (Fig. 3 I) . In T32, above average yields occurred in the south east extending towards the middle (Fig. 4 I) . In WO3, yield values varied by an order of magnitude, being higher in the south-west extending northwards, while the south east corner was the least productive (Fig. 5 I) .
Correlations and redundancy analyses.
Comparing the yield maps with the maps of other variables indicates some possible associations Table   S2 ). In the RDA, the first two axes accounted for 60.9 and 54.6% of the variation in White Patch and T32, respectively (P<0.01), but only the first axis was significant in WO3 (Table 3 , Fig. 6 ).
Variables, which were consistently and significantly (P<0.05) correlated with root yield and which were statistically significant in the RDA (Table 4, Table S2 ).
Other associations were inconsistent from field to field. For example, in White Patch, higher root yields occurred in the most clayey areas (Fig. 3 A, H) , whereas clay was associated with lower root yields in WO3 (Fig. 5 A, H) with correlation coefficients of 0.36 and -0.26, respectively (Suppl. Table S2 ). In T32, there was no clear visual association between the maps of root yield and soil clay content, but areas with a higher percentage of sand tended to be lower yielding (Fig. 4 B, H ) with an overall correlation coefficient of -0.27 (Suppl . Table S2 ). Topographically, inconsistent relationships occurred with elevation, the low yielding areas of WO3 being in the highest parts of the field, whereas in White Patch and T32, the lowest yields were in the lowest parts of these fields (compare Figs 2 A-C with Figs 3-5 H). Slope and aspect were, however, never spatially associated with root yield (Fig. 6 ). Although relationships with elevation and soil type were inconsistent between fields, they were significant in the RDA (P=0.05; Fig. 6 , Table 4 Table 4 , Fig. 6 ).
Although most variables had significant independent associations with the response variables, the RDA stepwise analysis identified only a few variables, whose partial effects on the explained variation were statistically significant (P≤0.05; Table 4 ). Of these, plant population density, soil clay, organic matter and moisture content, weed density, elevation and canopy temperature had significant partial effects in more than one field (Table 4) . Perhaps the most important explanatory variable was the sugar beet plant population density, which was correlated with root yield, soil organic matter and soil moisture content in each field (Figs 3-5 and Fig. 6 ). This association was greatest in WO3 (Fig. 6 C) where plant population density accounted for 40.1% of the variation in response variables (Table   4 ) compared to 18.9 and 17.6% in White Patch and T32, respectively (Table 4) .
Sugar beet quality variables (i.e. root content of sugar, amino acids and potassium) were closely related to each other in White Patch, but almost unrelated to the root yield (Fig. 6 A) , while in T32, higher root yields were associated with higher root content of amino acids, but lower concentrations of potassium and sugar (Fig. 6 B) . Table 4 for abbreviations used for explanatory variables. Potassium in beet is shown as K (Beet) and amino acid content as Amino (Beet).
Discussion
Variograms.
The variograms for most variables were almost isotropic, indicating similar patterns of variation in all directions and the semi-variances were mainly a function of lag distances (Piccini et al., 2014) .
Since the variograms for most variables reached a sill, the spatial variation throughout each field was patchy and could mostly be accounted for by the sampling scheme for each field. The nugget variance was, however, high for some variables in T32, which could be the unresolved variation due to the longer sampling intervals in this than in the other two fields (Table 1) or it could be measurement error Oliver, 2007, Oliver, 2010) . Such explanations do not account for high nugget variance for root yield and yield value in WO3 where yield sometimes varied erratically over short distances, such that some plots had to be extended to provide enough roots for analysis. 
Spatial variability in the economic yield of sugar beet.
This paper is the first to provide yield maps for sugar beet and it is clear that economically significant spatial variability in yield existed in each field. Even in T32 -the most uniform of the three fields assessed, yield values still varied from £1870 to £3320 per ha. With hindsight the south corner of WO3, which returned a yield value of £230 per ha was probably not worth planting. The reasons for this variability clearly merit further discussion and testing.
Potential biotic constraints on the economic yield of sugar beet.
Crop and weed population densities -were identified as key potential driving variables of sugar beet yield and quality variation in the RDA in all three fields. Plant population density was positively while weed density was negatively correlated with root yield in all fields. In WO3 in particular, the mean plant population density (51000/ha) was only half that recommended for maximum yield and even the highest among the 114 sampling locations (81000/ha) only just exceeded Jaggard et al.'s (2011) economic optimum of 80000/ha. Reporting older research from 1967, Jaggard and Qi (2006) stated that "on mineral soils a population of 75000/ha is the minimum required for maximum sugar yield". Moreover the asymptotic relationship of sugar yield to plant density means that most plots in WO3 were sub-optimal and increasingly severe yield penalties would be expected and were found as density decreased. A major reason for lower yield at low density is the decrease in solar radiation interception . Poor and very uneven crop establishment of sugar beet was reported in the 2013 season by many farmers in the East of England, particularly by those who planted their crops earlier than average (Stevens, 2013) and WO3 was one of the earliest crops sown in the UK. Stevens (2013) reported that the dry weather and much lower temperatures in 2013 were associated with slower emergence and large numbers of abnormal seedlings. The variability in plant establishment in WO3 was perhaps also exacerbated by relatively low soil moisture content and soil organic matter in areas of low plant population. Moreover, spatial variability in plant population was strongly and negatively associated with weed density suggesting that the areas of low plant population allowed more space for new weeds to emerge in summer and would be expected to result in greater weed competition (Kropff et al., 1992) .
Potential environmental constraints on the economic yield of sugar beet.
Spatial variability in sugar beet yield was also associated with environmental variables. One of the likely driving variables for crop yield was soil moisture content, which was positively correlated with sugar yield in all three fields. Dry matter accumulation in sugar beet roots is known to be greatly affected by available soil moisture during July and August (Kenter et al., 2006) . Jaggard et al. (1997) found that yields of sugar beet were lower in dry summers. The amount of water available under dry conditions depends on soil water holding capacity and soil hydraulic conductivity (Hakojärvi et al., 2013) which varies within and between fields. Soil water holding capacity and other soil physical, chemical and biological properties are themselves affected by another potential driving variable, namely soil organic matter (D'Hose et al., 2014) , which was associated with root yields in White Patch and T32. Interestingly, yield was negatively related to canopy temperature in all three fields. The negative association between root yields and maximum canopy temperature in all three fields could be due to higher rates of respiration and evapotranspiration under higher canopy temperature (Draycott, 2008) . The low yielding areas had lower soil moisture early in June and higher mean canopy temperatures indicating scope for site-specific irrigation early in the season.
Soil type showed different correlations from one field to another, perhaps due to the differences in weather conditions in 2012 and 2013. For example, sugar beet yield was positively related to soil clay content in White Patch and negatively related in WO3. This might be accounted for by poorer emergence of sugar beet in clayey soils, especially at the low temperature which occurred in March 2013 (mean temperature: 3.5°C, Fig. 2, CEDA, 2014 ). As noted above, this cool weather affected emergence in WO3 and many early sown fields of sugar beet in the East of England (Stevens, 2013) .
With respect to soil type, the low yielding areas in T32 had a relatively high sand content. Field aspect and slope and hence the calculated incident solar radiation varied significantly across each field, but there were not significant association with sugar beet yield and quality, even though it was significantly associated with maximum canopy temperature, which might be expected to reduce sugar beet yield and quality (Kenter et al., 2006) . Clearly both the amount of incident radiation and the efficiency of its use are important (Jaggard et al., 2009) .
Identifying the potential driving variables of sugar beet yield and quality using RDA.
Different methods have been used to identify the environmental variables associated with yield variability. Zhu et al. (2013) produced a functional soil map in which soil properties were layered to identify those associated with the yields of corn and soybean. Liu et al. (2013) used factorial kriging with step-wise multiple regression analyses to detect association between soil attributes, while Simmonds et al. (2013) applied a regression tree to classify the underlying cause of the spatial variability in a rice yield. Here RDA was used to identify the key environmental variables efficiently, although the assumption that correlations applied similarly at different locations or spatial scales within each field needs to be tested (Metcalfe et al., 2016) . The main merit of RDA, which distinguishes it from other methods, is that it can show how different explanatory variables relate to each other as well as to the response variables of sugar beet yield and quality. In the RDA, many variables were significantly associated with the response variables when considered independently, but few retained statistical significance when effects were combined. Some variables were therefore important predictors, but only if considered individually, since they could be explaining variability which has already accounted by other variables. Rodriguez-Moreno et al. (2014) stated that if two variables are strongly related to yield, it is expected that they will also be strongly related to each other, an example here being the visual association between soil type, soil moisture content and elevation. It appears that the spatial variability in sugar beet yield might, however, have resulted from the combined effects of several environmental and biotic variables, as each of these variables accounted for some of the variability in sugar beet yield and quality.
In addition, much variability was not accounted for in the RDA and this might relate to unassessed variables such as soil micro-nutrients, soil infiltration rate, and the diffusion of soil water and nutrients (Lark, 2012) or to management practices (Taylor et al., 2003) , which all need to be investigated in future studies.
Why is investigating the spatial variability important?
It is therefore clear that mapping the spatial variability in sugar beet yield and identifying the main associated environmental variables highlights an incentive for farmers to manage sugar beet fields more precisely rather than uniformly as in the three fields studied. Irrigation, fertilization and weed control are obvious targets for precision farming, since these can be managed site-specifically using existing technology, providing geo-referenced maps are available. Soil organic matter, soil type and field topography are, however, difficult to manage. Spatially variable compost, manure or crop residue management and reduced tillage in areas of low soil organic matter at appropriate stages in crop rotation might, however, improve the soil biological, chemical and physical properties in those parts of the field (D'Hose et al., 2014) . Less intensive cultivation and perhaps adoption of zero tillage for the combinable crops or strip tillage for crops like sugar beet could also help to mitigate soil moisture stress. Canopy temperature is also outside the grower's control, but the negative association between canopy temperature and soil moisture content might suggest irrigating the areas of higher canopy temperature to compensate the losses of soil water. Most importantly, however, the significance of poor emergence cannot be over-emphasised and redrilling patches with low emergence might have been justified.
Research is needed to validate these inferences and also to facilitate early predictions of within field variability.
Conclusions:
1. Mapping sugar beet yields identified high and low yielding patches with final economic yields of sugar beet ranging from £1120 to £2990, £1870 to £3320 and £230 to £3127 per ha in the fields, White Patch, T32 and WO3, respectively.
2. In all three fields, root yield was highly and positively correlated to the plant population density and the spatial distribution of soil organic matter and soil moisture, but negatively correlated with weed density and canopy temperature (mean and maximum). 4. The variability observed suggests that uniform field management of sugar beet is likely to lead to sub-optimal use of inputs. Further research is needed to explore how soil moisture, nutrients and weeds might be managed site-specifically during the growing season to increase the crop productivity and value across the field and especially in low yielding areas.
5. An early prediction of spatial variability in sugar beet yield and its relation to the environment is needed, so that a spatially variable crop management can be applied to the sugar beet crop. 
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